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ABSTRACT 


This  empirical  paper  examines  the  question  of  whether  movements  in  housing  sales 
predict  subsequent  movement  in  house  prices  -  or  the  converse.  The  former  (positive) 
relationship  is  well  hypothesized  by  several  frictional  search  models  of  housing  market 
transactions  or  "chum".  The  latter  relationship  has  been  hypothesized  by  two  theories. 
Both  loss  aversion  and  liquidity  or  down-payment  constraints  suggest  another  positive 
relationship  in  which  lower  prices  generate  lower  sales  volume.  Our  contribution  to  the 
problem  of  unraveling  causality  is  to  use  a  panel  of  101  markets  over  the  period  from 
1980  through  2006.  With  several  different  estimation  techniques  we  conclusively  find 
that  higher  sales  volume  always  generates  higher  subsequent  prices.  Higher  prices, 
however  always  generate  lower  subsequent  sales  volume.  Our  conclusion  is  that  theories 
of  housing  loss  aversion  or  financial  down  payment  constraints  just  are  not  consistent 
with  the  aggi-egate  movements  in  prices  and  sales. 


I.  Introduction. 

The  relationship  between  housing  transaction  volumes  {"sales")  and  price 
movements  has  been  the  subject  of  several  economic  models  -  with  the  direction  of 
causality  being  quite  different.  In  one  camp,  several  papers  in  "behavioral 
microeconomics"  have  argued  that  when  prices  fall,  homeowners  have  an  aversion  to 
selling  at  a  loss  -  no  matter  how  "rational"  selling  may  be  [Genesove  and  Mayer  (2001), 
Englehardt  (2003)].  Another  group  of  papers  comes  to  a  similar  conclusion,  but  through 
using  liquidity  and  down  payment  constraints  [Chan  (2001),  Stein  (1995),  Lamont  and 
Stein  (1999).  The  implication  of  both  micro-economic  theories  is  that  after  price 
declines,  sales  should  be  reduced,  and  following  price  increases,  sales  should  recover. 

A  different  group  of  papers,  examine  how  owners  trade  housing  in  the  presence  of 
search  frictions  [Wheaton  (1990),  Berkovic  and  Goodman  (1996),  Lundberg  and 
Skedinger  (1999)].  As  is  true  with  most  frictional  market  models  (e.g.  Pissarides  2000), 
increases  in  turnover  (sales)  tends  to  make  trading  easier  and  in  the  housing  market  this 
will  increase  prices.  Hence,  in  this  camp  the  hypothesis  is  that  positive  shocks  to  sales 
will  then  increase  prices  while  negative  shocks  will  depress  them. 

There  have  been  only  a  few  attempts  to  test  whether  actual  movements  in  sales 
and  prices  support  one,  or  the  other,  or  both  theories  -  using  timing  as  the  test  of 
causality.  This  is  complicated  by  the  fact  that  both  theories  predict  positive  relationships. 
Berkovec  and  Goodman  (1996)  find  some  empirical  support  for  the  frictional  models  by 
showing  that  demand  shocks  first  show  up  in  sales  volume,  and  subsequently  impact 
prices.  Leung,  Lau,  and  Leong  (2002)  undertake  a  full  time  series  analysis  of  Hong  Kong 
Housing  and  conclude  that  simple  Granger  Causality  is  found  more  often  for  sales 
driving  prices.  Andrew  and  Meen  (2003)  examines  the  time  series  for  the  UK  and  using  a 
VAR  model,  conclude  that  transactions  respond  to  shocks  more  quickly  than  prices,  but 
do  not  Granger  Cause  price  responses.  All  of  these  studies  are  hampered  by  short  time 
series  and  relatively  low  frequency.  Granger  tests  are  known  to  more  valid  when 
undertaken  with  more  extensive  observations  at  high  fi-equency. 

In  this  paper,  we  try  to  solve  some  of  these  problems  with  a  panel  approach  -  we 
examine  the  movements  in  prices  and  sales  over  27  years  (1980-2006)  in  101  US 


metropolitan  areas.  With  almost  2500  observations  we  effectively  ask  how  the  two  series 
are  related  collectively  across  all  major  US  markets.  We  find  strong  evidence  that  sales 
positively  impact  subsequent  prices,  but  that  prices  negatively  impact  subsequent  sales. 
We  obtain  these  results  with  Fixed  Effects  estimation  and  also  with  GLS  IV  estimates 
that  correct  for  the  panel  Heteroskedasticity  identified  by  Holtz-Eakin,  Newey  and  Rosen 
(1988).  Furthermore,  our  results  are  robust  to  whether  the  models  are  estimated  in  levels 
(which  are  non  stationary)  or  in  first-differences  (which  are  stationary).  We  conclude  that 
theories  of  Loss  Aversion  and  Liquidity  constraints  are  just  not  consistent  with  the 
aggregate  behavior  of  US  housing  data,  while  there  is  complete  consistency  with 
frictional  trading  models. 

Our  paper  is  organized  as  follows.  In  section  II  we  review  the  various  theoretical 
arguments  and  empirical  support  for  the  two  types  of  relationships  between  sales  volume 
and  housing  price  movements.  In  section  III,  we  review  the  data  sources  and  find  some 
interesting  and  yet  puzzling  trends  in  the  only  available  time  series  for  sales.  These  trends 
generate  non-stationarity  and  encourage  estimation  in  differences.  In  section  IV  we 
discuss  the  application  of  panel  data  to  our  question,  the  use  of  conditioning  variables  and 
the  alternative  estimation  approaches,  while  in  section  V  we  discuss  the  results  of  each 
specification.  Section  VI  illustrates  how  our  equations  operate  together  as  a  VAR  model 
and  Section  VI  draws  some  conclusions  as  to  why  we  get  aggregate  results  that  are  so 
different  fi^om  the  micro-level  research. 

IL  Sales  Volume-  Price  relationships  in  the  Literature. 

There  are  a  series  of  paper's  which  propose  a  relationship  in  which  prices  or 
changes  in  prices  will  subsequently  "cause"  sales  volumes  to  adjust.  The  first  of  these  is 
by  Stein  (1995)  followed  by  Lamont  and  Stein  (1999)  and  then  Chan  (2001).  In  these 
models,  liquidity  constrained  consumers  are  mostly  moving  from  one  house  to  another 
(market  "chum")  and  must  make  a  down  payment  in  order  to  purchase  housing.  Wlien 
prices  decline  consumer  equity  does  likewise  and  fewer  households  have  the  remaining 
down  payment  to  make  the  lateral  move.  As  prices  rise,  equity  recovers  and  so  does 
market  liquidity.  In  effect  price  changes  should  positively  cause  sales  volumes  -  both  up 
and  down  -  although  not  necessarily  with  symmetry. 


A  second  series  of  papers  suggest  a  different  mechanism  which  also  generates  at 
least  a  partial  positive  causal  chain  between  prices  and  sales  volume.  Relying  on 
"behavior  economics",  Genesove  and  Mayer  (2001)  and  then  Englehardt  (2003)  test  for 
whether  sellers  who  will  experience  a  loss  when  they  sell  tend  to  set  higher  reservations 
than  those  who  will  not  experience  a  loss.  This  suggests  that  as  prices  begin  to  drop,  only 
recent  buyers  will  experience  such  "loss  aversion".  As  a  period  of  price  declines  extends, 
however,  an  ever  greater  number  of  buyers  experience  "loss  aversion"  and  with  this 
transaction  volume  will  increasingly  dry  up  as  more  and  more  potential  sellers  set  overly 
high  and  unattainable  reservations.  As  long  as  prices  are  rising,  however,  the  theory 
makes  little  prediction  about  what  will  happen  to  sales  volume  other  than  eliminating  the 
source  of  any  "loss  aversion".  The  theory  also  does  not  address  the  equilibrium  question 
of  what  eventually  happens  to  prices  if  all  potential  sellers  have  higher  reservations.  Do 
prices  stop  falling  for  example? 

A  different  group  of  papers,  explicitly  models  how  owners  trade  housing  in  the 
presence  of  search  frictions  [Wheaton  (1990),  Lundberg  and  Skedinger  (1999)].  In  these 
models,  buyers  must  always  become  sellers  -  there  are  no  entrants  or  exits  from  the 
market.  In  such  a  situation  prices  are  like  "ftinny  money"  -  with  participants  paying  more 
but  also  receiving  more.  It  is  only  the  transaction  cost  of  owning  2  homes  (during  the 
moving/trade  period)  that  grounds  prices.  If  prices  are  high,  the  transaction  costs  can 
make  moving  so  expensive  as  to  erase  whatever  gains  from  moving  were  there  originally. 
In  this  environment  Nash-bargained  prices  become  almost  inverse  to  expected  sales  times 
-  where  the  latter  equals  vacancy  divided  by  the  sales  flow.  In  these  models,  vacancy  is 
exogenous,  but  sales  flow  is  endogenous  -  depending  in  part  on  an  exogenous  rate  of 
"chum".  As  long  as  an  increase  in  the  "chum  rate"  does  not  reduce  search  effort,  sales 
time  will  be  shorter  with  more  chiom  and  prices  therefore  higher.  In  a  similar  manner,  and 
following  Pissarides  (2000),  Berkovec  and  Goodman  (1996)  develop  a  model  in  which  a 
reduction  (increase)  in  sales  volume  generates  a  greater  (smaller)  inventory  of  unsold 
homes,  and  this  in  tum  leads  to  lower  (higher)  seller  reservations.  In  both  of  these 
models,  there  is  clear  temporal  causality:  a  shock  occurs  first  to  sales  volume  which  then 
impacts  price. 


There  have  been  few  attempts  to  test  whether  actual  movements  in  sales  and 
prices  support  one,  or  the  other,  or  both  theories.  This  is  complicated  by  the  fact  that  both 
theories  predict  positive  relationships,  just  with  different  timing.  Berkovic  and  Goodman 
(1996)  initially  found  that  movements  in  volume  did  lead  movements  in  prices  and 
inferred  that  this  was  consistent  with  their  theory.  Leung,  Lau,  and  Leong  (2002) 
undertake  a  time  series  analysis  of  Hong  Kong  Housing  and  conclude  that  stronger 
Granger  Causality  is  found  for  sales  driving  prices  rather  than  prices  driving  sales. 
Andrew  and  Meen  (2003)  examines  a  time  series  for  the  UK  and  using  a  VAR  model, 
conclude  that  transactions  respond  to  shocks  more  quickly  than  prices,  but  do  not 
necessarily  "Granger  Cause"  price  responses.  In  their  VAR  model  it  turns  out  that  the 
estimated  coefficient  of  lagged  prices  on  transactions  volume  is  negative  and  not  positive 
as  suggested  by  the  theories  of  loss  aversion  or  liquidity  constraints. 

III.  Sales  Volume  and  Price  Data. 

The  price  data  we  chose  to  use  is  the  OFHEO  repeat  sales  series  [Baily,  Muth, 
Nourse  (1963)].  This  data  series  has  recently  been  severely  questioned  for  not  factoring 
out  home  improvements  or  maintenance  and  for  not  factoring  in  depreciation  or 
obsolescence  [Case,  PoUakowski,  Wachter  (1991),  Harding,  Rosenthal,  Sirmans  (2007)]. 
These  omissions  could  generate  a  significantly  bias  in  the  long  term  trend  of  the  OFEHO 
series.  That  said  we  are  left  with  what  is  available,  and  the  OFHEO  index  is  the  most 
consistent  series  available  for  most  US  markets  over  a  long  time  period.  The  only 
alternative  is  to  purchase  similar  indices  from  CSW/FISERV,  although  they  have  the 
same  methodological  issues  as  the  OFHEO  data. 

The  sales  data  we  use  were  provided  by  the  National  Association  of  Realtors 
(NAR).  This  data  is  for  single  family  units  only  (it  excludes  condominium  sales),  and  was 
obtained  for  each  market  from  1 980-2006.  Raw  sales  were  then  compared  with  annual 
Census  estimates  of  the  number  of  total  households  in  those  markets.  Dividing  single 
family  sales  by  total  households  we  get  a  crude  sales  rate  for  each  market.  In  1980  this 
sales  rate  varied  between  1.2%  and  5.1%  across  our  markets  with  an  average  of  2.8%. 
By  contrast,  in  the  1980  Census,  the  single  family  mobility  rate  (in  the  previous  year) 
averaged  8.0%).  In  1990  the  average  NAR  sales  rate  had  climbed  to  3.5%  while  the 


(1989)  Census  annual  mobility  rate  fell  to  6.5%.  By  2000,  the  NAR  sales  rate  reached 
5.0%,  while  the  Census  mobility  rate  recovered  a  bit  to  7. 1%).  Thus  during  this  25  year 
period,  our  calculated  average  sales  rates  are  always  lower  than  the  census  reported 
mobility  rates.  This  is  because  the  household  series  used  to  create  the  rate  is  total 
households  rather  than  just  single  family  owner-occupied  households.  Separate 
renter/owner  single  family  household  series  at  yearly  frequency  are  just  not  available  by 
metropolitan  market.'  However,  the  observation  that  the  two  data  sources  trend 
differently  is  more  disturbing.  Over  1980-2000,  both  the  US  homeownership  ratio  and  the 
fraction  of  single  family  units  in  the  stock  are  virtually  unchanged.  As  such,  the 
difference  between  the  true  mobility  and  our  constructed  sale  rate  should  be  constant.  It  is 
not,  and  in  Figure  1  we  show  a  scatter  plot  that  illustrates  the  relationship  between  the 
changes  in  these  two  measures  across  our  101  markets.  The  NAR  sales  rate  increases 
significantly  between  1 990  and  2000  in  most  MSA,  while  the  Census  mobility  rate 
decreases  in  almost  as  many  areas  as  it  increases.  It  is  clear  that  there  is  no  association 
over  this  decade  between  which  markets  saw  an  increase  in  NAR  sales  and  which 
experienced  any  underlying  increase  in  Census  mobility  (R~=.002). 

In  Figures  2  and  3  we  illustrate  the  yearly  NAR  sales  rate  data,  along  with  the 
constant  dollar  OFHEO  price  series  -  both  in  levels  and  differences  for  two  markets  that 
exhibit  quite  varied  behavior,  Atlanta  and  San  Francisco.  Over  this  time  frame,  Atlanta's 
constant  dollar  prices  increase  very  little  while  San  Francisco's  increased  almost  200%). 
San  Francisco  prices,  however,  exhibit  far  greater  price  volatility.  Atlanta's  average  sales 
rate  is  close  to  5%  and  trends  quite  sharply,  while  San  Francisco's  is  almost  half  of  that 
(2.6%))  and  exhibits  only  a  slight  trend. 


'  In  more  recent  years  the  calculated  NAR  sales  rates  are  close  to  being  60%  of  the  true  single  family 
mobility  rate  -  as  would  be  dictated  by  the  national  difference  between  the  number  of  total  and  single 
family  owner  households. 


Figure  1:  Growth  in  Mobility  versus  Sales  (2000-1990) 
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Both  of  these  individual  markets  illustrate  the  trend  to  the  sales  rate  data  that  is     * 
present  in  virtually  all  MSA.  The  constructed  sales  rates  alvv^ays  rise  upwards  over  this  25 
year  period  -  sometimes  increasing  cumulatively  by  as  much  as  2  to  4  percentage  points. 
As  mentioned  relative  to  Figure  1,  the  Census  reports  only  a  slight  increase  in  both  owner 
and  renter  "move"  rates  between  1990  and  2000  and  a  decline  between  1980  and  1990. 
Thus  the  NAR  trend  would  appear  to  represent  some  artifact  of  reporting.  Perhaps  a 
growing  share  of  brokers  became  members  of  the  NAR  or  a  growing  share  of  members 
participated  in  reporting  data.  Whatever  the  reason,  it  seems  clear  that  the  trend  does  not 
reflect  a  true  doubling  in  US  mobility.  It  is  difficult  to  think  of  reasons  why  sales  would 
trend  significantly  different  from  mobility  -  particularly  across  markets^.    In  appendix  I 
we  present  the  summary  statistics  for  each  market's  price  and  sales  rate  series. 

Given  the  reservations  over  the  trends  in  both  series  it  is  useful  and  important  to 
test  for  series  stationarity.  There  are  two  tests  available  for  use  with  panel  data  such  as  we 


Sales  due  to  deaths  do  not  generate  a  move.  Transfers  of  property  between  individuals  could  generate  a 
"sale"  without  a  move.  These  biases  should  be  small  and  stationary  however.  It  is  also  believed  that  For- 
Sale-by-Owner"  transactions  have  increased  and  eroded  brokerage  business  recently  -  the  opposite  of  the 
trend  observed  in  the  data. 


have.  In  each,  the  null  hypothesis  is  that  all  of  the  individual  series  have  unit  roots  and 
are  non  stationary.  Levin-Lin  (1993)  and  Im-Persaran-Shin  (2002)  both  develop  a  test 
statistic  for  the  sum  or  average  coefficient  of  the  lagged  variable  of  interest  -  across  the 
individuals  (markets)  within  the  panel.  The  null  is  that  all  or  the  average  of  these 
coefficients  is  not  significantly  different  from  unity.  In  Table  1  we  report  the  results  of 
this  test  for  both  housing  price  and  sale  rate  levels,  as  well  as  a  2"  order  stationarity  test 
for  housing  price  and  sales  rate  changes. 


TABLE  1 


RHPI  (Augmented  bv  1  lag) 


Levin  Lin's 
Test 

Coefficient 

T  Value 

T-Star 

P>T 

Levels 

-0.10771 

-18.535 

0.22227 

0.5879 

First  Difference 

-0.31882 

-19.822 

-0.76888 

0.2210 

IPS  test 

T-Bar 

W(t-bar) 

P>T 

Levels 

-1.679 

-1.784 

0.037 

First  Difference 

-1.896 

-4.133 

0.000 

SFSALESRATE  (Augmented  by  1 

lag) 

Levin  Lin's 
Test 

Coefficient 

T  Value 

T-Star 

P>T 

Levels 

-0.15463 

-12.993 

0.44501 

0.6718 

First  Difference 

-0.92284 

-30.548 

-7.14975 

0.0000 

IPS  test 

T-Bar 

W(t-bar) 

P>T 

Levels 

-1.382 

1.426 

0.923 

First  Difference 

-2.934 

-15.377 

0.000 

With  the  Levin-Lin  test  we  cannot  reject  the  null  (non-stationarity)  for  either 
house  price  levels  or  differences.  In  terms  of  the  sales,  we  can  reject  the  null  for 
differences  in  sales  rate  differences,  but  not  for  levels.  The  IPS  test  (which  is  argued  to 
have  more  power)  rejects  the  null  for  house  price  levels  and  differences  and  for  sales  rate 
differences.  In  short,  both  variables  would  seem  to  be  stationary  in  differences,  but  levels 
are  more  problematic  and  likely  non-stationary. 


Figure  2:  Atlanta 
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Atlanta  Price  Sales  Growth  Rate 


Figure  3:  San  Francisco 
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IV.  Panel  Estimation  Approaches. 

Our  panel  approach  uses  a  well-known  application  of  Granger-lype  analysis.  We 
will  ask  how  significant  lagged  sales  are  in  a  panel  model  of  prices  which  uses  lagged 
prices  and  then  several  conditioning  variables.  The  conditioning  variables  we  choose  are 
market  area  employment,  and  national  mortgage  rates.  The  companion  model  is  to  ask 
how  significant  lagged  prices  are  in  a  panel  model  of  sales  using  lagged  sales  and  the 
same  conditioning  variables.  This  pair  of  model  is  shown  (l)-(2). 


P,j  =  ^0  +  «i-^-,r-i  +  «2'5'/,r-i  +  P'Xfj  +  ^,  +  £,j 


(1) 


s^j  =  ro  +  y^s,,T-^  +  riPi.T-i  +  ^'^ij  +  +7,-  +  ^,, 


(2) 


In  panel  models,  all  of  the  estimation  issues  raised  in  time  series  continue  to  exist. 
In  our  case  there  is  concern  about  the  stationarity  of  both  price  and  sales  rate  levels.  This 
same  concern  is  not  present  for  differences.  Hence  clearly  we  will  need  to  estimate  the 
model  in  first  differences  as  well  as  levels  -  as  outUned  in  equafions  (3)  and  (4).'' 


AP.j  =  «(,  +  a^AP.j._^  +  a2AS.j._^  +  fi'AX-j.  +  +S,  +  £,j 


(3) 


A5,,r  =n+  rAS,,T-^  +  Yi^.j-x  +  ^'^X.j  +  +TJ.  +  £,., 


(4) 


In  (3)  and  (4)  the  fixed  effects  are  cross-section  trends  rather  than  cross  section  levels  as  in  (1)  and  (2) 


In  panel  models  with  a  cross-section  fixed  effect  (theS.  and  rj. )  there  exists  a 

potential  specification  issue.  Since  the  fixed  effects  are  present  not  just  in  current,  but 
lagged  values  of  the  dependent  variables,  OLS  will  not  lead  to  consistent  estimates.  The 
problem  is  a  built  in  correlation  between  the  lagged  dependent  variable  and  the  lagged 
error  term.  Thus  estimates  and  tests  on  the  parameters  of  interest  (the  a  and  / )  may  not  be 
reliable.  The  problem  can  be  ameliorated  to  some  extent  by  normalizing  the  variables  to 
make  the  fixed  effects  vanish  -  for  example  when  prices  are  measured  as  an  index  that 
begins  with  a  value  of  100  for  each  cross  section  in  the  sample.  Similarly  using  a  sales 
rate  (rather  than  the  actual  sales  volume)  will  help  alleviate  the  specification  problem.  To 
be  safe,  however,  we  also  estimated  the  models  following  an  estimation  strategy  by 
Holtz-Eakin  et  al  to  better  estimate  the  causal  values  of  the  parameters  of  interest.  As 
discussed  in  Appendix  II,  this  amounts  to  using  2-period  lagged  values  of  sales  and  prices 
as  instruments  with  GLS  estimation. 

From  either  estimates,  we  conduct  a  "Granger"  causality  test.  Since  we  are  only 
testing  for  a  single  restriction,  the  /  statistic  is  the  square  root  of  the  F  statistic  that  would 
be  used  to  test  the  hypothesis  in  the  presence  of  a  longer  lag  structure  (Green,  2003). 
Hence,  we  can  simply  use  a  t  test  (applied  to  the  a,  and  y^ )  as  the  check  of  whether 
changes  in  sales  "Granger  cause"  changes  in  price  and  vice  versa. 

V.  Results. 

In  table  2  we  report  the  results  of  equations  (1)  through  (4)  in  each  set  of  rows. 
The  first  column  uses  OLS  estimation,  the  second  the  Random  Effects  IV  estimates  from 
Holtz-Eakin  et  al.  The  first  set  of  equations  is  in  levels,  while  the  second  set  of  rows 
reports  the  results  using  differences. 

Among  the  levels  equations,  we  first  notice  that  the  two  conditioning  variables, 
the  national  mortgage  rate  and  local  employment  can  have  the  wrong  signs  -  here  in  two 
cases.  The  mortgage  interest  rate  in  the  OLS  price  levels  equation  and  local  employment 
in  the  IV  sales  rate  equation  are  miss-signed.  There  is  also  an  insignificant  employment 
coefficient  in  the  OLS  sales  rate  equation  (despite  almost  2500  observations).  Another 


troublesome  result  is  that  the  price  levels  equation  has  excess  "momentum"  -  lagged 
prices  have  a  coefficient  greater  than  one.  Hence  prices  (levels)  might  grow  on  their  ovm 
without  necessitating  any  increases  in  fundamentals,  or  sales.  We  suspect  that  these  two 
anomalies  are  likely  the  result  of  the  non-stationary  feature  to  both  the  price  and  sales 
series  when  measured  in  levels.  Interestingly,  the  two  estimation  techniques  yield  quite 
similar  coefficients  -  as  well  as  anomalies. 

When  we  move  to  the  results  of  estimating  the  equations  in  differences  these 
issues  all  disappear.  The  lagged  price  coefficients  are  small,  the  price  equations  stable  in 
the  2"^  degree,  and  the  signs  of  all  coefficients  are  both  correct  -  and  highly  significant. 

As  to  the  question  of  causality,  in  every  price  or  price  growth  equation,  lagged 
sales  or  growth  in  sales  is  always  significant.  Furthermore  in  every  sales  rate  or  growth  in 
sales  rate  equation,  lagged  prices  (or  its  growth)  are  also  always  significant.  Hence  there 
is  clear  evidence  of  joint  causality,  but  the  effect  of  lagged  prices  on  sales  is  always  of  the 
wrong  sign!  Holding  lagged  sales  (and  conditioning  variables)  constant,  a  year  after 
there  is  an  increase  in  prices  -  sales  fall  -  rather  than  rise!  The  impact  is  exactly  the 
opposite  of  that  predicted  by  theories  of  loss  aversion  or  liquidity  constraints. 

TABLE  2 


Fixed  Effects 


E  Holtz-Eakin  estimator 


Levels 

RHPI 
(Dependent  Variable) 

Constant 

RHPI  (lag  1) 

SFSALESRATE(lagl) 

MTG 

EMP 

SFSALESRATE 
(Dependent  Variable) 

Constant 

RHPI  (lag  1) 
SFSALESRATE  (lag  1) 


-25.59144" 

(2.562678) 

1.023952** 

(0.076349) 

3.33305** 

(0.2141172) 

0.3487804** 

(0.1252293) 

0.0113145** 
(0.0018579) 


2.193724** 

(0.1428421) 

-0.0063598** 

(0.0004256) 

0.8585273** 


-12.47741** 

(2.099341) 

1.040663** 

(0.0076326) 

2.738264** 

(0.2015346) 

-0.3248508** 

(0.1209959) 

0.0015689** 
(0.0003129) 


1.796734** 

(0,1044475) 

-0.0059454** 

(0.0004206) 

0.9370184** 


(0.0119348) 

(0.0080215) 

MTG 

-0.063598** 

-0.0664741** 

(0.0069802) 

(0.0062413) 

EMP 

-0.0000042 

-0.0000217** 

(0.0001036) 

(0.0000103) 

First  Difference 

GRRHPI 

(Dependent  Variable) 

Constant 

-0.4090542** 

-0.49122** 

(0.1213855) 

(0.1221363) 

GRRHPI  (Lag  1) 

0.7606135** 

0.8008682** 

(0.0144198) 

(0.0148136) 

GRSFSALESRATE 

0.0289388** 

0.1826539** 

(Lag1) 

(0.0057409) 

(0.022255) 

GRMTG 

-0.093676** 

-0.08788** 

(0.097905) 

(0.0102427) 

GREMP 

0.3217936** 

0.1190925** 

(0.0385593) 

(0.048072) 

GRSFSALESRATE 

(Dependent  Variable) 

Constant 

0.7075247 

1 .424424** 

(0.3886531) 

(0.3710454) 

GRRHPI(Lagl) 

-0.7027333** 

-0.8581478** 

(0.0461695) 

(0.0556805) 

GRSFSALESRATE 

0.0580555** 

0.0657317** 

(Lagi) 

(0.0183812) 

(0.02199095) 

GRMTG 

-0.334504** 

-0.307883** 

(0.0313474) 

(0.0312106) 

GREMP 

1.167302** 

1.018177** 

(0.1244199) 

(0.1120497) 

**  indicates  significance  at  5%. 


We  have  experimented  with  these  models  using  more  than  a  single  lag,  but 
qualitatively  the  results  are  the  same.  In  levels,  the  price  equation  with  two  lags  becomes 
dynamically  stable  in  the  sense  that  the  sum  of  the  lagged  price  coefficients  is  less  than 
one.  As  to  causal  inference,  the  sum  of  the  lagged  sales  coefficients  is  positive,  highly 
significant,  and  passes  the  Granger  F  test.  In  the  sales  rate  equation,  the  sum  of  the  two 
lagged  sales  rates  is  virtually  identical  to  the  single  coefficient  above  and  the  lagged  price 
levels  are  again  significantly  negative  (in  their  sum)  and  collectively  "Granger  cause"  a 
reduction  in  sales.  We  have  similar  conclusions  when  two  lags  are  used  in  the  differences 
equations,  but  in  differences,  the  2"  lag  is  always  insignificant. 


As  a  final  test,  we  investigate  a  relationship  between  the  growth  in  house  prices 
and  the  level  of  the  sales  rate.  In  the  search  theoretic  models  sales  rates  determine  price 
levels,  but  if  prices  are  slow  to  adjust,  the  impact  of  sales  might  better  show  up  on  price 
changes.  Similarly  the  theories  of  loss  aversion  and  liquidity  constraints  relate  price 
changes  to  sales  levels.  While  the  mixing  of  levels  and  changes  in  time  series  analysis  is 
generally  not  standard,  we  offer  up  Table  3  where  price  changes  are  tested  against  the 
level  of  sales  (as  a  rate). 


TABLE  3 


Differences  and  Levels 


Fixed  Effects 


E  Holtz-Eakin  estimator 


GRRHPI 
(Dependent  Variable) 

Constant 

GRRHPI  (lag  1) 

SFSALESRATE  (lag  1) 

GRMTG 

GREMP 

SFSALESRATE 
(Dependent  Variable) 

Constant 

GRRHPI  (lag  1) 
SFSALESRATE  (lag  1) 
GRMTG 


-6.61475** 

(0.3452743) 

0.5999102** 

(0.0155003) 

1.402352** 

(0.0736645) 

-0.1267573** 

(0.0092715) 

0.5059503** 

(0.0343458) 


-0.0348229 

(0.0538078) 

-0.0334235** 

(0.0024156) 

1.011515** 

(0.0114799) 

-0.0162011** 

(0.0014449) 


-1.431187** 

(0.2550279) 

0.749431** 

(0.0141281) 

0.2721678** 

(0.0547548) 

-0.0860948** 

(0.0095884) 

0.3678023** 

(0.0332065) 


0.0358686 

(0.0026831) 

-0.0370619** 

(0.0026831) 

1.000989** 

(0.0079533) 

-0.0151343** 

(0.0014294) 


GREMP 


0.0494462** 
(0.0053525) 


0.043442** 
(0.0049388) 


**  indicates  significance  at  5% 


In  terms  of  causality,  these  results  are  no  different  than  the  traditional  models  estimated 
either  in  all  levels  or  all  differences.  One  year  after  an  increase  in  the  level  of  sales,  the 
growth  in  house  prices  accelerates.  Similarly,  one  year  after  house  price  growth 


accelerates  the  level  of  home  sales  falls  (rather  than  rises).  All  conditioning  variables  are 
significant  and  correctly  signed  and  lagged  dependent  variables  have  coefficient  less  than 
one. 

VI.  VAR  System  Behavior. 

The  final  step  in  our  analysis  is  to  investigate  the  dynamic  relationship  between 
the  two  variables:  sales  and  prices.  When  taken  together,  they  represent  a  2-equation 
Vector  Auto  Regression  (VAR).  VARs  are  most  useful  for  understanding  the  long-term 
response  of  a  system  of  equations  to  a  shock  or  change  in  a  conditioning  variable.  Thus 
for  example  what  happens  to  prices  and  sales  if  mortgage  rates  permanently  decrease  or 
employment  permanently  increases?  In  Figure  4  we  examine  what  happens  to  in  a 
representative  market  (Atlanta  in  this  case)  when  mortgage  rates  take  a  permanent  drop. 
The  model  uses  the  levels  equations  and  the  base  line  steady  state  assumes  that  current 
Atlanta  employment  levels  and  mortgage  rates  prevail  indefinitely.  This  generates  a 
steady  state  price  index  of  273  and  sales  rate  of  1 .24%.''  When  rates  permanently  drop 
200  bps  sales  initially  rise  but  then  settle  down  just  slightly  above  their  original  value. 
Prices  rise  10%  but  follow  the  movement  in  sales.  Both  of  these  response  patterns  seem 
in  accord  with  theory  and  suggest  that  when  taken  together  the  levels  equations  closely 
reflect  how  housing  markets  should  react  to  demand  shocks. 

In  Figure  5  we  examine  the  behavior  of  the  pair  of  equations  estimated  in 
differences.  Here  our  base  line  steady  growth  path  has  Atlanta  employment  increasing 
2%  yearly  while  mortgage  rates  are  stable.  The  impulse  response  traces  out  what  happens 
if  the  employment  growth  rate  permanently  jumps  to  a  very  robust  4%.  Prices,  which 
were  trending  at  0.057%,  now  grow  at  a  little  more  than  5.53%  while  the  sales  rate  jumps 
from  2.27%  to  3.15%  at  steady  state.  In  impulse  responses  there  is  the  appearance  that 
sales  move  "before"  prices. 


The  simulations  reported  incorporate  the  fixed  effect  for  the  Atlanta  market,  which  like  that  for  most 
markets  was  not  statistically  significant.  We  attribute  this  to  the  use  of  sales  rates  and  to  price  indices 
commonly  benchmarked  to  1 00. 


Figure  4: 
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Figure  5: 

New  Steady  States:  Increase  in  Employment  Growth  Rate  by4% 
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VI.  Discussion  and  Extension. 

On  the  one  hand,  the  results  of  this  analysis  are  completely  consistent  with 
theories  of  frictional  markets  in  which  changes  to  housing  sales  should  "Granger  cause" 
housing  prices  to  increase.  On  the  other  hand  they  are  completely  inconsistent  with 
theories  of  loss  aversion  or  liquidity  constraints,  wherein  falling  (rising)  house  prices 
should  constrain  (free  up)  buyers  and  "Granger  cause"  sales  to  fall  (rise).  Instead,  sales 
in  the  market  tend  to  react  negatively  to  prior  price  movements.  This  occurs  in  models  of 
both  price  levels  as  well  as  differences  and  is  always  statistically  significant.  As  to  why 
we  get  this  result,  here  we  offer  some  possible  explanations. 

First,  with  the  increased  sophistication  of  mortgage  markets  in  the  last  two 
decades,  down  payment  constraints  may  have  been  reduced  to  the  point  where  they  rarely 
exercise  influence  on  home  buying. 

Secondly,  during  a  period  when  nominal  house  prices  rose  almost  every  year  in 
most  markets,  the  presence  of  loss  aversion  may  likewise  exist  only  in  a  few  markets  and 
during  only  a  few  periods.  Such  episodes  are  simply  too  infrequent  to  impact  the  market 
as  a  whole  even  though  they  can  show  up  in  individual  decisions. 

Finally,  it  could  be  the  case  that  the  aggregate  movement  in  housing  sales  is 
largely  driven  by  flows  into  home-ownership.  If  in  fact,  first  time  home  buyers  are  an 
important  source  of  sales  fluctuations,  then  it  is  not  hard  to  understand  how  such 
purchases  are  negatively  correlated  with  prices.  As  prices  rise  (fall)  fewer  (more)  first 
time  buyers  are  able  to  afford  and  enter  the  ownership  market.  This  is  probably  our  best 
explanation  for  why  our  results  using  aggregate  data  stand  in  such  contrast  to  the 
carefully  constructed  micro-economic  analyses  of  loss  aversion  and  liquidity  constraints. 
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APPRENDIX  I 


Market 
Code 

Market 

Average 

GRRHPI 

{%) 

Average 

GREMP 

(%) 

Average 

SFSALES 

RATE 

Average 
GRSALES 
RATE  (%) 

1 

Allentown 

2.03 

1.10 

4.55 

4.25 

2 

Akron 

1.41 

1.28 

4.79 

4.96 

3 

Albuquerque 

0.59 

2.79 

5.86 

7.82 

4 

Atlanta 

1.22 

3.18 

4.31 

5.47 

5 

Austin 

0.65 

4.23 

4.36 

4.86 

6 

Bakersfield 

0.68 

1.91 

5.40 

3.53 

7 

Baltimore 

2.54 

1.38 

3.55 

4.27 

8 

Baton  Rouge 

-0.73 

1.77 

3.73 

5.26 

9 

Beaumont 

-1.03 

0.20 

2.75 

4.76 

10 

Bellingham 

2.81 

3.68 

3.71 

8.74 

11 

Birmingham 

1.28 

1.61 

4.02 

5.53 

12 

Boulder 

2.43 

2.54 

5.23 

3.45 

13 

Boise  City 

0.76 

3.93 

5.23 

6.88 

14 

Boston  MA 

5.02 

0.95 

2.68 

4.12 

15 

Buffalo 

1.18 

0.71 

3.79 

2.71 

16 

Canton 

1.02 

0.79 

4.20 

4.07 

17 

Chicago  IL 

2.54 

1.29 

4.02 

6.38 

18 

Charleston 

1.22 

2.74 

3.34 

6.89 

19 

Charlotte 

1.10 

3.02 

3.68 

5.56 

20 

Cincinnati 

1.09 

1.91 

4.87 

4.49 

21 

Cleveland 

1.37 

0.77 

3.90 

4.79 

22 

Columbus 

1.19 

2.15 

5.66 

4.61 

23 

Corpus  Christi 

-1.15 

0.71 

3.42 

3.88 

24 

Columbia 

0.80 

2.24 

3.22 

5.99 

25 

Colorado  Springs 

1.20 

3.37 

5.38 

5.50 

26 

Dallas-Fort  Worth- 
Arlington 

-0.70 

2.49 

4.26 

4.64 

27 

Dayton  OH 

1.18 

0.99 

4.21 

4.40 

28 

Daytona  Beach 

1.86 

3.06 

4.77 

5.59 

29 

Denver  CO 

1.61 

1.96 

4.07 

5.81 

30 

Des  Moines 

1.18 

2.23 

6.11 

5.64 

31 

Detroit  Ml 

2.45 

1.42 

4.16 

3.76 

32 

Flint 

1.70 

0.06 

4.14 

3.35 

33 

Fort  Collins 

2.32 

3.63 

5.82 

6.72 

34 

Fresno  CA 

1.35 

2.04 

4.69 

6.08 

35 

Fort  Wayne 

0.06 

1.76 

4.16 

7.73 

36 

Grand  Rapids  Ml 

1.59 

2.49 

5.21 

1.09 

37 

Greensboro  NC 

0.96 

1.92 

2.95 

7.22 

38 

Harrisburg  PA 

0.56 

1.69 

4.24 

3.45 

39 

Honolulu 

3.05 

1.28 

2.99 

12.66 

40 

Houston 

-1.27 

1.38 

3.95 

4.53 

41 

Indianapolis  IN 

0.82 

2.58 

4.37 

6.17 

42 

Jacksonville 

1.42 

2.96 

4.60 

7.23 

43 

Kansas  City 

0.70 

1.66 

5.35 

5.17 

44 

Lansing 

1.38 

1.24 

4.45 

1.37 

45 

Lexington 

0.67 

2.43 

6.23 

3.25 

46 

Los  Angeles  CA 

3.51 

0.99 

2.26 

5.40 

47 

Louisville 

1.48 

1.87 

4.65 

4.53 

48 

Little  Rock 

0.21 

2.22 

4.64 

4.63 

49 

Las  Vegas 

1.07 

6.11 

5.11 

8.14 

50 

Memphis 

0.46 

2.51 

4.63 

5.75 

51 

Miami  FL 

1.98 

2.93 

3.21 

6.94 

52 

Milwaukee 

1.90 

1.24 

2.42 

5.16 

53 

Minneapolis 

2.16 

2.20 

4.39 

4.35 

54 

Modesto 

2.81 

2.76 

5.54 

7.04 

55 

Napa 

4.63 

3.27 

4.35 

5.32 

56 

Nashville 

1.31 

2.78 

4.44 

6.38 

57 

New  York 

4.61 

0.72 

2.34 

1.96 

58 

New  Orleans 

0.06 

0.52 

2.94 

4.80 

59 

Ogden 

0.67 

3.25 

4.22 

6.08 

60 

Oklahoma  City 

-1.21 

0.95 

5.17 

3.66 

61 

Omaha 

0.65 

2.03 

4.99 

4.35 

62 

Orlando 

0.88 

5.21 

5.30 

6.33 

63 

Ventura 

3.95 

2.61 

4.19 

5.83 

64 

Peoria 

0.38 

1.16 

4.31 

6.93 

65 

Philadelphia  PA 

2.78 

1.18 

3.52 

2.57 

66 

Phoenix 

1.05 

4.41 

4.27 

7.49 

67 

Pittsburgh 

1.18 

0.69 

2.86 

2.75 

68 

Portland 

2.52 

2.61 

4.17 

7.05 

69 

Providence 

4.82 

0.96 

2.83 

4.71 

70 

Port  St.  Lucie 

1.63 

3.59 

5.60 

7.18 

71 

Raleigh  NC 

1.15 

3.91 

4.06 

5.42 

72 

Reno 

1.55 

2.94 

3.94 

8.60 

73 

Richmond 

1.31 

2.04 

4.71 

3.60 

74 

Riverside 

2.46 

4.55 

6.29 

5.80 

75 

Rochester 

0.61 

0.80 

5.16 

1.01 

76 

Santa  Rosa 

4.19 

3.06 

4.90 

2.80 

77 

Sacramento 

3.02 

3.32 

5.51 

4.94 

78 

San  Francisco  CA 

4.23 

1.09 

2.61 

4.73 

79 

Salinas 

4.81 

1.55 

3.95 

5.47 

80 

San  Antonio 

-1.03 

2.45 

3.70 

5.52 

81 

Sarasota 

2.29 

4.25 

4.69 

7.30 

82 

Santa  Barbara 

4.29 

1.42 

3.16 

4.27 

83 

Santa  Cruz 

4.34 

2.60 

3.19 

3.24 

84 

San  Diego 

4.13 

2.96 

3.62 

5.45 

85 

Seattle 

2.97 

2.65 

2.95 

8.10 

86 

San  Jose 

4.34 

1.20 

2.85 

4.55 

87 

Salt  Lake  City 

1.39 

3.12 

3.45 

5.72 

88 

St.  Louis 

1.48 

1.40 

4.55 

4.82 

89 

San  Luis  Obispo 

4.18 

3.32 

5.49 

4.27 

90 

Spokane 

1.52 

2.28 

2.81 

9.04 

91 

Stamford 

3.64 

0.60 

3.14 

4.80 

92 

Stockton 

2.91 

2.42 

5.59 

5.99 

93 

Tampa 

1.45 

3.48 

3.64 

5.61 

94 

Toledo 

0.65 

1.18 

4.18 

5.18 

95 

Tucson 

1.50 

2.96 

3.32 

8.03 

96 

Tulsa 

-0.96 

1.00 

4.66 

4.33 

97 

Vallejo  CA 

3.48 

2.87 

5.24 

5.41 

98 

Washington  DC 

3.01 

2.54 

4.47 

3.26 

99 

Wictiita 

-0.47 

1.43 

5.01 

4.39 

100 

Winston 

0.73 

1.98 

2.92 

5.51 

101 

Worcester 

4.40 

1.13 

4.18 

5.77 

Notes:  Table  provides  the  average  real 
average  job  growth  rate,  average  sales 


price  appreciation  over  the  25  years, 
rate,  and  growth  in  sales  rate.. 


APPENDIX  II 

Let  Apj.  =  [AP,j. ,....,  AP^j-] 'and  Asj.  =  [AS", 7.,....,  AS ^y. ]',  where  A'^ is  the  number  of 

markets.  Let  Wj.  =  [e,  Apj.^^ ,  Ay  j._, ,  AY,  7.  ]  be  the  vector  of  right  hand  side  variables, 

where  e  is  a  vector  of  ones.  Let  V^  =  [£^j.,...,£f^-j.]  be  the  //x  1  vector  of  transformed 

disturbance  terms.  Let  B   =  [«(, ,  a, ,  a, ,  /?) ,  <5|  ] '  be  the  vector  of  coefficients  for  the 

equation. 
Therefore, 

Ap^  =  W^B  +  Fj.  (1) 

Combining  all  the  observations  for  each  time  period  into  a  stack  of  equations,  we  have, 

Ap  =  WB  +  V.  '  (2) 

The  matrix  of  variables  that  qualify  for  instrumental  variables  in  period  T  will  be 

Zj  =  [e,  Apj_.,_ ,  Asj._, ,  AX -J  ] ,  (3) 

which  changes  with  T. 

To  estimate  B,  we  premultiply  (2)  by  Z'  to  obtain 

Z'Ap  =  Z'WB  +  Z'V .  (4) 

We  then  form  a  consistent  instrumental  variables  estimator  by  applying  GLS  to  equation 
(4),  where  the  covariance  matrix  Q  =  E{Z'  W  Z) .  Q.  is  not  known  and  has  to  be 
estimated.  We  estimate  (4)  for  each  time  period  and  form  the  vector  of  residuals  for  each 

period  and  form  a  consistent  estimator,  Q ,  for  Q .  5  ,  the  GLS  estimator  of  the 
parameter  vetor,  is  hence: 

B  =  [W'  z{Qy'  z'wy'w  z(Qy'  z'  Ap .  (5) 

The  same  procedure  applies  to  the  equation  wherein  Sales  (S)  are  on  the  LHS. 


